The repertoires of B cell receptors (BCRs), which can be captured by single cell-resolution sequencing technologies, contain a personal history of a donor's antigen exposure. One of the current challenges in analyzing such BCR sequence data is to assign sequences to groups with similar antigen and epitope binding specificity. This is a non-trivial task given the paucity of experimentally-determined antibody-antigen structures and the fact that different gene combinations in B cells can lead to receptors that target the same antigen and epitope. Here, we describe a method for clustering BCRs based on sequence and predicted structural features in order to predict groups with similar antigen and epitope binding specificity. We show that all known experimentally-determined structures of antibody-antigen complexes can be clustered accurately (AUC 0.981) and that use of predicted structural features improved the accuracy of the epitope classification. We next show that an independent and non-redundant set of 104 anti-HIV antibody sequences could be clustered corresponding to manually-assigned epitopes with a specificity of 99.7% and a sensitivity of 61.93%, with the imbalance in sensitivity due almost entirely to one group of antibodiesthose that target the gp120 V3 loop, which do not form a single, well-defined cluster. We next examined a diverse set of anti-hemagglutinin BCR sequences from humans and mice. We observed clusters that included human or mouse sequences with anti-hemagglutinin antibodies of known structure. We also observed clusters that included both human and mouse sequences. Importantly, to the extent that the epitopes have been experimentally characterized, none of the observed clusters erroneously grouped different hemagglutinin binding regions. Taken together, these results demonstrate that the proposed clustering method provides high-throughput prediction of BCRs with common binding specificity across clonal lineages, donors and even species.
Introduction
In humans, a diverse B cell receptor (BCR) repertoire is generated by rearrangement of receptor gene segments, followed by deletion or expansion of BCR lineages in response to selfor non-self-antigens. The observed repertoire of circulating BCRs in a given donor constitutes a record of past and present antigen exposure. Because infection, cell damage or genetic abnormalities can elicit antigen-driven expansion of specific B cell lineages, BCRs represent a potentially sensitive and abundant class of disease biomarkers. 1 Moreover, due to their high stability, affinity and specificity, the soluble forms of BCRs (antibodies) can be engineered into antigen-targeted therapeutics. 2 The depth and coverage of lymphocyte receptor sequencing has undergone a major inflection in recent years due to technological advances in cell isolation and molecular barcoding. 3 There is thus a strong motivation to develop computational methods that can leverage sequence and structural data in order to predict the targeted antigen and epitope of a given BCR. Such methods would be highly beneficial for defining BCRs with shared binding specificity across donors, and may contribute to the development of diagnostic or therapeutic antibodies.
To date, much of the work on BCR sequence analysis has focused on sequence variations within lineages (i.e., B cells that have descended from a common ancestor). 4 Lineage analysis is an effective means of identifying dominant clones and somatic hypermutation (SHM) events, which can correlate with antigen affinity and thus provide clues to the characteristics of the epitope and binding residues on the BCR. 5 Much less is known about how different lineages are functionally related. Structural and sequence similarity in BCRs arising from different clonal lineages that target common antigens and epitopes have been observed in anti-HIV and anti-influenza antibodies. 6, 7 In these studies, structural analysis was carried out using X-ray crystallography. However, because crystallographic analysis of antibody-antigen complexes typically requires months of human effort at a high financial cost, this approach cannot be expected to scale with emerging high-throughput paired (heavy-light chain) sequencing methods, which currently yield thousands or more sequences in a single experiment. In contrast, BCR structural modeling methods can scale well with large sequence datasets. For example, Marcatili et al. examined clusters of structural models of BCR sequences from chronic lymphocytic leukemia patients using the PIGS modeling software; 8 DeKosky et al. carried out a large-scale study of naive and antigen-experienced BCRs using the Rosetta Antibody software; 9 Kovaltsuk et al. developed an online resource to store 3D models of numerous BCRs, including several datasets acquired post-vaccination, using ABodyBuilder; 10 more recently, Raybould et al. developed a Therapeutic Antibody Profiling score derived from sequence and 3D models built using ABodyBuilder. 11 In this issue, we describe our own software, Repertoire Builder (https://sysimm.org/rep_builder/), which can model BCRs efficiently and accurately. 31 3D modeling may, therefore, enable observation of structural convergence in BCRs, just as it has been used to infer distant homology in structural genomics studies. 12 Several groups have investigated the use of BCR modeling followed by antigen docking to infer BCR conformational epitopes. 13, 14 These approaches are a logical extension of BCR sequencing in cases where the antigen is known. However, antibody docking is not currently a high-throughput technique, and care must be taken in extracting structural fea-tures from BCR models, as the errors are usually highest in the complementarity determining regions (CDRs), which typically mediate interactions with antigens. 15 Moreover, the target antigens are not known for the vast majority of BCRs that have been sequenced to date.
Here, we propose an alternative approach for predicting BCR antigen/epitope specificity that is robust to errors in structural modeling, computationally efficient enough for high-throughput sequence analysis and does not require a priori knowledge of the target antigen. Rather than explicitly computing BCR-antigen interactions (e.g. by docking), we attempt to predict whether two or more BCRs are likely to target the same epitope. In order to address this question, we first construct a feature vector describing sequence and structural similarities for a pair of BCRs. Notably, this feature vector does not depend on the antigens themselves, only the BCRs. We then derive a BCR similarity score by training a support vector machine (SVM)-based classifier on feature vectors derived from a set of BCRs with known antigen-bound structures. Finally, we carry out hierarchical clustering based on the pairwise BCR similarity score. Because the feature vector considers sequence and structural features for each CDR region independently, the clustering is robust against modelling errors and can detect functional similarities between BCRs arising from different clonal lineages or even different species. The resulting clusters may be beneficial in comparing the repertoires of different donors or in prioritizing BCR sequences for further experimental analysis.
Methods

BCR notation
We defined segments in each BCR according to the AHo numbering scheme 16 as follows: CDR1 (25-40), CDR2 (58-77), CDR3 (109-137), framework (1-24, 41-57, 78-108, 138-149), conserved framework (3-7, 20-24, 41-47, 51-57, 78-82, 89-93, 102-108, 138-144) . The ANARCI software 17 was used to number BCRs according to the AHo numbering scheme.
Structural alignment
Structural superposition of a pair of BCR receptors was carried out by minimizing the root-mean square deviation (RMSD) of C-alpha atoms in their conserved framework residues. From this superposition, a similarity matrix was computed for each pair of residues as
where d ij is the distance between C-alpha atoms and d 0 is a constant equal to 4 Å. An alignment was computed from this matrix using the Needleman-Wunsch-Gotoh algorithm. 18, 19 
Feature vectors
Feature vectors for the SVM model were defined in terms of pairs of superimposed BCR structures. Given two structural models, 1 and 2, for each segment, we evaluated four quantities: sequence similarity, structural similarity, alignment length and length difference. If we denote an alignment aĲk) = [i,j] within the segment, where k is the alignment index (column) and i and j are residue positions in models 1 and 2, the structural similarity was given by
where S aĲk) is the score matrix used in the alignment (eqn (1)) and n is the alignment length over the segment of interest. The sequence similarity was defined similarly except that the Blosum62 matrix, B, was used for each residue pair and the score was normalized by the maximum self-alignment (here 
where the maximum self-alignment is taken in order to guarantee normalization.
BCR datasets
PDB BCR data. Crystal structures of antibody-antigen complexes were collected from the Protein Data Bank (PDB), 20 dated 2017, April 25, using SabDab definitions. 21 Complexes in which antigens were annotated as hemagglutinin were collected as reference anti-hemagglutinin BCR structures. The crystal structures were trimmed to remove constant regions.
HIV PDB BCR data. We prepared two sets of experimentally-determined PDB BCRs as follow: we selected non-redundant anti-HIV PDB BCRs from clusters of epitopebased clustering of PDB BCR entries under 95% sequence identity, whose antigens are HIV-related proteins and referred to as "HIV Group". The HIV group consisted of 49 redundant anti-HIV antibody native structures from the PDB. Similarly, from epitope-based clustering of PDB BCR entries under 95% sequence identity, these non anti-HIV BCRs were selected as a "Control Group". The control group consisted of 593 native structures from the PDB, which bind antigens unrelated to HIV.
HA-specific mouse BCR sequences. C57BL/6J mice (CLEA Japan) were infected with H1N1 influenza virus (A/Narita/1/ 2009), a gift from Y. Takahashi 22 and HA-binding B cells were single cell-sorted from spleens or mesenteric lymph nodes 4 weeks after infection. VH and Vκ genes were PCR-amplified, sequenced and cloned into IgG1 or Igκ expression vectors, 23, 24 and the antibodies were expressed using the Expi293 Expression System (Thermo Fischer Scientific). Binding of purified antibodies to full-length HA (A/Narita/1/2009) or stem HA (A/Brisbane/59/2007) was validated by ELISA. Lineages representatives were defined as follows: 76 paired mouse BCR sequences were collected. In order to remove highly similar BCRs, that could derive from the same lineage, sequences of their CDRH3 regions were aligned using MAFFT. 25 BCRs with significantly similar CDRH3 sequences (e-value = 0.001) were grouped together, afterwards a lineagerepresentative sequence was picked out from each cluster. This resulted 26 lineage-representative sequences that were clustered by SVM-based features.
Human post-flu vaccination BCR sequences. 9313 natively paired, full variable region antibody sequences were generated by applying Immune Repertoire Capture® technology 26 to healthy donor peripheral blood mononuclear cells isolated and cryopreserved 1 week after administration of seasonal flu vaccine. 5743 paired sequences represented plasmablasts sorted as described previously 27 and 3570 represented CD19 + B cells, which were cultured for 4 days in IMDM medium (Invitrogen) in the presence of FBS, Normocin, IL-2 (PeproTech), IL-21 (PeproTech), rCD40 ligand (R&D Systems), and His-Tag antibodies (R&D Systems), prior to single cell sorting. Plasmablasts were grouped into families based on heavy chain V germline, light chain V germline, heavy chain CDR3 length and light chain CDR3 length (a.k.a. a "VH/VL/ LH3/LL3" family). Within each such family the sequences were further grouped into putative lineages, using singlelinkage sequence similarity between H3 and L3 requiring 80% or greater BLOSUM62 ≧ 0 match. Then, for each family, one representative pair was chosen at random from the largest putative lineage within the family. B cells were similary grouped into VH/VL/LH3/LL3 families if a plasmablast family exists having the same VH/VL/LH3/LL3, no sequence was selected from the B cell family. Sequence generation and annotation was as described previously. 27 The data was obtained from multiple donors, but 93% of the sequences corresponded to a single donor.
Epitope-based clustering of PDB BCR entries for SVM training
BCR-antigen chain pairs collected from the PDB were first clustered according to their antigen protein sequences by using Cd-hit 28 under a sequence identity cutoff of 40%. For antigen sequences within each cluster, a multiple-sequence alignment (MSA) was built using MAFFT, 28 and epitope residues in BCR contact were identified. Epitope residues were defined as those within 3.5 Å of the contacting BCR chain with an accessible surface area (ASA) that was reduced upon BCR binding. Clustered antigen chains were further grouped by their epitope residues. For any two antigens in a cluster, if their epitope residues overlapped, structural alignment was carried out using overlapping epitope residues. If the RMSD between aligned epitope residues was less than 5.0 Å, the two antigens were grouped together. After grouping antigens by their epitope residues, pairwise RMSDs of pairs of bound BCRs were computed by first superimposing the two epitopes, then evaluating the BCR RMSD using pairs of BCR residues identified by sequence alignment. For each epitopebased cluster, average linkage hierarchical clustering was performed using the matrix of BCR RMSDs at a cutoff of 5.0 Å. The resulting clusters of complexes, were composed of similar epitopes with similar BCR binding modes.
SVM-based classifier with hierarchical clustering
To train a binary SVM classifier to predict if two BCRs target a common epitope, sequence redundancy within and among epitope-based PDB BCR clusters was first reduced by Cd-hit at a sequence identity cutoff of 90%. Positive samples were collected from a non-redundant set of 138 BCRs in the PDB (Table S1 †) for which at least two BCRs targeted the same epitope, as defined above. To this set were added 136 3D models built from the corresponding variable region sequences in order to introduce a realistic level of noise to the training data (two models could not be built by Repertoire Builder because the modeling software uses a stricter criterion for template selection than was used for training/testing data in building the clustering training/testing data.) The purpose for adding models was to train the SVM on data where the most difficult regions (e.g. CDR H3) would exhibit a level of noise that would resemble a real-case use scenario. BCR pairs targeting different epitopes were used as negative samples. Due to the unbalanced number of positive and negative samples, classes were assigned weights inversely proportional to class frequencies in the training data. A radial basis function (RBF) kernel was used for training and optimizing hyperparameters by use of stratified 5-fold cross-validation (CV) as implemented in the Python scikit-learn package. 29 Each 5-fold validation was seeded with a different random number in order to generate different training and testing subsets. This process was repeated 5 times in order to assess the stability of the classifier stratified using different data partitions. Here, all testing was carried out using modeled BCRs built such that templates having 90% or more sequence identity to the query were blacklisted in order to simulate a realistic scenario where experimentally determined structures would not be available. A similar performance was obtained when testing was done using Repertoire Builder models built such that templates were blacklisted at 80% sequence identity ( Fig. S2D †) . Prediction scores returned by CV for all possible BCR pairs in the training data were used to predict clusters by average-linkage hierarchical clustering and a decision threshold, above which two BCRs compared were considered as similar. By varying the decision threshold, the adjusted Rand index 30 between reference and predicted clusters was maximized.
Structural modeling
BCR structural modeling was carried out using Repertoire Builder 31 with default options except where template blacklisting was used, as mentioned in the text (https:// sysimm.org/rep_builder/). To analysis and visualize the cluster results, the PyMOL was used (the PyMOL Molecular Graphics System, Version 2.0 Schrödinger, LLC.).
ELISA assays
Nunc Maxisorp Immuno plates (Thermo Scientific) were coated with streptavidin (Funakoshi, Japan) in PBS at a concentration of 10 U mL −1 . Blocking was carried out using Blocking One solution (Nacalai Tesque, Japan). Plates were sequentially incubated with biotinylated rHA (100 ng/50 μL), sample antibodies (0.5 ng/50 μL) and goat anti-human IgG-HRP (Southern Biotech). Detection was carried out using KPL SureBlue TMB Microwell Peroxidase Substrate (SeraCare) and the reaction was stopped by 1 N HCl. OD 450 was read with ARVO X3 (PerkinElmer).
Results
SVM training and validation
An SVM was trained to predict whether a given pair of BCRs, share the same antigen and epitope specificity. For SVM training, a set of BCRs with known antigen binding mode was assembled as described in Methods. This resulted in 1090 "True" BCR pairs (i.e. pairs that target the same antigen and epitope) and 17 817 "False" pairs (i.e. pairs that target a different antigen or epitope).
The SVM-based classifier was assessed using repeated 5-fold cross-validation (CV). Receiver operating characteristic (ROC) curves for each run (Fig. 1A and B ) yielded an average area under the curve (AUC) of 0.981 ± 0.001. The reproducibility of the different CV runs, along with the relatively small size of the feature vector (32 elements) in comparison with the number of unique structures (138), suggests that the SVM model was not overfit. By converting the raw SVM score into a distance, and establishing a threshold for this similarity in hierarchical clustering, we could represent non-singleton clusters either as trees or as networks of BCRs whose similarities fall above the threshold and thus are predicted to target a common antigen and epitope ( Fig. S1 †) . The details are described in Methods.
Contribution of feature vector terms
The F1 score, defined as the harmonic mean of precision (true-positive/predicted-positive) and sensitivity (true-positive/ positive), was computed for the models using each feature independently, which gives a rough measure of the information content of the feature of interest (Table 1) . From this result, it can be inferred that, on their own, the sequence features contain more information than the structural features.
One of the surprising observations was that the performance for the third light chain CDR (CDRL3) sequence term (0.399) was greater than that of the third heavy chain CDR (CDRH3; 0.260). Typically, single-chain BCR sequencing studies have focused only on the heavy chain. 32, 33 We examined SVM models built on only heavy or light chains and found the resulting AUCs were 0.960 (Fig. 1C ) and 0.977 (Fig. 1D ), respectively. In particular, the precision curve for SVMs trained only on heavy chains dropped sharply beyond a recall value of 0.5. The higher performance on paired BCR models reinforces the importance of paired sequencing technologies. In contrast to the trend observed in the sequence terms, performance for the CDRL3 structure term (0.051) was roughly half of that of CDRH3 (0.117), supporting the importance of accurate CDRH3 structural modeling. In order to further quantify the relative importance of the sequence and structural features, we constructed SVM models using only BCR sequences, BCR sequences with native structural information or BCR se-quences with modeled structural information. The resulting AUCs were 0.974 ± 0.002, 0.984 ± 0.001 and 0.983 ± 0.001, respectively ( Fig. S2A-C †) . These results confirm that, although most of the information in the classifier is contained within the sequence features, structural information does contribute to the overall accuracy of the classifier and this is most evident in the precision-recall curves. When noisier (template blacklist 80%) Repertoire Builder models were used for testing, the benefit of using modeled structures in training was clearer (Fig. S2D †) . Therefore, in the end, a classifier trained with a heterogeneous training set containing perfect (PDB entries) and imperfect (modeled) structures was selected in order to include noise from modeled BCRs.
Validation on an independent set of anti-HIV antibody sequences
The diverse sequence and structural space of anti-HIV antibodies and their associated epitopes has been intensively studied. 34 The CATNAP database contains several hundred anti-HIV antibodies targeting 16 classes of epitopes. 35 We reduced this set down to 104 non-redundant paired heavy-light chain variable domain sequences with less than 95% sequence identity to known structures or to other sequences in the set. 3D modeling by Repertoire Builder, followed by clustering revealed a high degree of agreement with CATNAP-annotated epitopes (Fig. 2) . After removing singleton clusters, we observed 373 BCR pairs with the same epitope annotations ("Positives"), and 1643 BCR pairs with different epitope annotations ("Negatives"). Out of the 1643 Negatives, 1638 pairs were correctly predicted with an overall specificity (true-negative/ negative) of 99.70%. Of the 373 positives 231 pairs were correctly predicted with an overall sensitivity (true-positive/positive) of 61.93%. This imbalance was due primarily to the fact that antibodies targeting the V3 loop region in the HIV gp120 envelope protein did not form a single cluster. In fact, 85% of false-negative predictions involved anti-V3 antibodies.
We next prepared two sets of experimentally-determined BCRs: PDB BCRs, the "HIV Group" and the "Control Group", as described in Methods. We then computed clusters for the 104 CATNAP models with the HIV and control groups, and counted the number of PDB entries from each group that clustered with CATNAP models. For the HIV Group, we observed 48 PDB entries that clustered with CATNAP models ("True-Positives") and 56 entries that did not ("False-Negatives"). In contrast, for the control group, we observed 13 PDB entries that clustered with CATNAP models ("False-Positives") and 580 entries that did not ("True-Negatives"). From these values we could obtain a specificity 97.80% of and a sensitivity of 46.17%, which qualitatively agrees with the analysis of the CATNAP epitope annotations above.
Analysis of anti-hemagglutinin mouse BCR sequences
Influenza hemagglutinin (HA) is a trimeric molecule consisting of a membrane-proximal stem region, a solventexposed head region and a joint region lying in between the head and the stem regions. The head region is more polymorphic and immunogenic, while the more conserved stem region is the target of broadly neutralizing anti-flu antibodies. 6 Based on known anti-HA crystal structures, nearly every surface of the antigen is a potential epitope (Fig. 3) .
As an independent test set we utilized 31 mouse anti-HA BCR lineage-representative sequences, none of which displayed obvious (>90%) sequence identity to known PDB entries as described in Methods. By combining the results of ELISA assays using stem-only 36 and full-length HA, we assigned each mouse antibody to a "stem-binding" (i.e. binding to both the stemonly and full-length HA probes) and "full-length-binding" (i.e., those binding to only the full-length HA probe) epitope class. 3D models built from these sequences yielded a total of 3 nonsingleton clusters: one cluster containing 11 full-lengthbinding sequences, one containing 3 full-length-binding sequences and one containing 2 stem-binding sequences. These results are consistent with the high specificity (low falsepositive rate) and low sensitivity (high false-negative rate) of the proposed clustering method (Fig. 4A ). Five clones (170105-025, 170105-032, 170105-034, 170105-056, 170105-082) which are depicted as light green circles without a black outline, were predicted as full-length-binding. The clones that are depicted as dark green circles with a black outline were full-lengthbinding, as confirmed by the ELISA assay (Fig. 4B ). Fig. 3 Known antibody structure cover surface of hemagglutinin (HA). HA is a symmetric trimer and the structures have been rotated into a common frame allowing the HA head, joint and stem regions to be visible. The anti-HA antibodies that bind with different epitope of HA are annotated as head-binding (red), joint-binding (blue) and stembinding (green) respectively. Clusters were represented as networks that Repertoire Builder models were characterized by their ELISA-based annotations as stem-binding (red triangles) or full-length-binding (dark green circles with a black outline or light green circles without a black outline). Clusters are differentially labeled by alphabet. C/D) ELISA to detect the binding ability of full-length (C) or stem (D) HA protein of antibodies.
Subsequently, ELISA assays were performed and the five clones predicted to target to full-length HA (Fig. 4C ) rather than stem HA (Fig. 4D) , were validated.
We next prepared two PDB sets as with the HIV analysis above. These consisted of 40 non-redundant anti-HA antibody sequences ("HA Group") with known structure and 662 antibody sequences with antigens unrelated to HA ("Control Group"). We computed clusters for mouse 3D models with the two groups of structures and counted the number of PDB entries in each group that clustered with anti-HA mouse models. For the HA Group, we observed 2 PDB entries that clustered with mouse models ("True-Positives") and 38 entries that did not ("False-Negatives"). In contrast, for the Control Group, we observed 14 PDB entries that clustered with mouse models ("False-Positives") and 648 entries that did not ("True-Negatives"). From these values we could obtain a specificity 97.88% and a sensitivity of only 5%. One explanation for the very low sensitivity observed here is that the known anti-HA PDB entries do not cover the actual mouse anti-HA repertoire, at least to a degree required by the SVM similarity score. A second issue is that the distinction of "stem-binding" and "full-length-binding" based only on ELISA assays is not very precise or quantitative. On the other hand, an encouraging observation is that the two clusters that did form-a stembinding anti-HA PDB entry (4nm8) that clustered with a stembinding mouse model and a head-binding anti-HA PDB entry (4hg4) that matched with a full-length binding mouse model were consistent with experimental results.
Analysis of human BCR sequences acquired post fluvaccination
We next analyzed a set of 8986 models built from human BCR lineage representative sequences acquired post flu vaccination using various seasonal flu vaccines, as described in Methods. 3D modeling followed by clustering resulted in a total of 1276 non-singleton clusters, 125 (9.8%) of which contained cells derived from multiple donors. The number of clusters as a function of cluster size, s, was wellapproximated by an exponential function 35589e −1.748s (Fig.  S3 †) . If this distribution is general for other large-scale sequence datasets it may help to identify clusters that are overrepresented. This set of BCRs was derived from both B cells and plasmablasts, the latter of which are expected to be enriched in cells responding to the vaccine. 37 Our initial hypothesis was that, since the plasmablasts are mostly expected to be vaccine-responsive, the distribution of the SVM similarity scores would be skewed to higher values than that of the B cells. However, although there were a small number of high-scoring pairs of plasmablast-derived BCRs, we did not observe a significant difference in the cumulative distribution of similarity scores for pairs of plasmablasts compared to pairs of BCRs (Fig. S4 †) .
We next examined the clustering of the human BCR sequences with anti-HA antibody structures from known PDB entries. We observed a total of 13 clusters comprised of a to-tal of 15 human BCRs and at least one PDB anti-HA antibody: 5 clusters consisting of 6 human sequences with 5 anti-head PDB entries, 2 clusters of human sequences with 2 anti-joint PDB entries and 6 clusters consisting of 7 human sequences with 9 anti-stem PDB entries (Fig. 5 ). Then, we checked each cluster by structural visualization using PyMOL. In each cluster, human BCRs overlapped well with the PDB entries ( Fig.  S5 †) . As with the mouse data, we observed that anti-HA antibodies in the PDB did not cover the sequence or structural space of these naturally occurring human BCRs.
We next examined the clustering of the human BCR sequences with the mouse anti-HA models. We observed 13 clusters between human and mouse BCRs (Fig. 6 ), comprised of a total of 22 human BCRs. Here, 8 of the clusters contained full-length mouse models and 5 contained stem models. Similarly, clusters were also checked by structural visualization ( Fig. S6 †) . Human BCRs were overlapped with mouse BCRs well in accordance with the prediction results.
In summary, although the number of clusters containing human and known anti-HA BCRs was rather low, none of the observed clusters was inconsistent with the available experimental information, in spite of the fact that neither the mouse nor the human data were used in training the classifier. These results demonstrate that SVM score is sensitive enough to detect similarity between BCRs from difference species.
Conclusions
In order to sustain their biochemical functions, proteins experience strong evolutionary pressure to maintain their threedimensional structures, leading to the well-known paradigm that structure is more conserved than sequence. As proteins, whose main function is molecular recognition, BCRs are also subjected to strong sequence and structural constraints. However, because the process by which BCRs evolve is so unique among proteins (i.e. new protein sequences are continuously generated during the lifetime of the host through combinatorial assembly of genes followed by somatic hypermutation), it is not clear how the relative importance of sequence and structural features contribute to the overall fitness of a particular BCR. Moreover, since sequence and structural variation is generally concentrated in a very local part of the protein (i.e., the CDRs), it is not clear how sequence and structural similarity should be quantified in a way that reflects functional similarity.
Here, we have chosen to use the conserved framework residues as a common reference frame, and to define BCR similarity in terms of a set of pairwise features, which describe sequence, structure and length. We first show that, given a mixture of experimentally-determined antibody crystal structures and models exhibiting a realistic level of noise, we can cluster models of BCRs with known antigens and epitopes with an AUC of 0.981. Moreover, we find that, although sequence features are the most information-rich, removal of either the crystal structures, the models, or both, results in a degradation of the clustering performance.
The high accuracy of the clustering is an important proof of concept, but is not a realistic test of the performance of the methodology in a real-world setting using highthroughput sequencing of BCR repertoires. However, the large-scale datasets that have been published to date do not contain functional annotations on the targeted antigens and epitopes. Therefore, we next examined BCR sequence datasets that contain partial annotations. In the CATNAP dataset, epitopes were taken from standard definitions of neutralizing antibodies rather than precise residue positions. In the set of mouse-derived BCRs, the binding to HA stem or full-length regions was determined using a rather nonquantitative binding assay (ELISA). In the much larger set of human-derived BCRs obtained post vaccination, the sequences were simply expected to be enriched in anti-HA binders, but HA-binding was not confirmed experimentally. By clustering different combinations of data sets we were able to assess whether BCRs annotated as HA head-, stem-or joint-binders formed clusters that contradicted any known epitope annotations. In spite of the fact that only PDBderived data was used in the training of the SVM, no spurious clusters were observed. On the other hand, broad classes of epitopes, such as the gp120 V3 loop or HA head/stem designations do not necessarily cluster together. This situation leads to an apparent imbalance in specificity (high) and sensitivity (low). The most straightforward remedy for this situation is to increase the amount of training data. However, since the throughput of experimentally-determined structures is unlikely to change qualitatively in the near future, we must consider other types of training data that can scale with highthroughput BCR sequencing methods. One approach is to utilize multiplex immunoassays, which yield complimentary information to residue-level epitope information. In spite of these limitations, the current results provide evidence that the SVM model is not overfit and is robust. In the future we aim to experimentally validate the clusters in order to measure the actual true/false positive rates. Potential extensions of the proposed clustering method include BCR conformational epitope prediction, antibody-antigen docking and clustering of T cell receptors (TCRs). It is our hope that, together, these methods will contribute to the discovery of diagnostic and therapeutic lymphocyte receptors.
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